These differences could in part explain across-study genetic replication failures, reinforcing the 4 2 need to use multiple software. SweHLA demonstrates a way to use existing NGS data to 4 3 generate a population resource agnostic to individual HLA software biases. 4 4
Introduction 4 6
The human major histocompatibility complex (MHC) spans approximately four Mb on 4 7 chromosome six and contains more than 200 genes, ~40% of which have immunological 4 8 function 1 . Within this region, the human leukocyte antigen (HLA) genes are divided into 4 9
HLA gene available, however only alleles from the classical 8 genes were evaluated for the 9 8 generation of SweHLA. The specific running conditions of each software is detailed below and 9 9 summarised in Figure 1 . 1 0 0 SNP2HLA 14 utilizes the Hidden Markov model of Beagle 19 and the T1DGC reference panel of 1 0 1 5 225 Europeans 14 to impute HLA alleles based on a pre 3.11.0 reference (version not 1 0 2 specified). The result is 2-field allele information for the classical 8 genes. The default settings, 1 0 3 10 iterations and window size of 1 000 markers, were implemented. 1 0 4
OptiType 15 views HLA typing as an optimization problem and uses an integer linear program 1 0 5 to estimate which allele explains the largest number of reads. This software implements a 1 0 6 custom-made IMGT/HLA v3.14.0 reference, where nucleotide sequences have been 1 0 7
complemented with intronic information from the closest neighbour of the allele. These 1 0 8 genomic-like sequences focus on exons 2 and 3 and allow for the calling of HLA-A, -B and -C, 1 0 9 to a 2-field resolution. 1 1 0 HLA-VBSeq 16 uses a variational Bayesian approach to remap reads to a user defined 1 1 1 IMGT/HLA genomic reference, we selected v3.34.0. Default settings were used, however the 1 1 2 recommended allele coverage threshold (>20% of mean coverage) was relaxed to 10% in order 1 1 3 to increase the number of alleles reported (reduced from 30% to 0.5% NA genotypes). Coverage 1 1 4 was calculated for the 21 genes available in HLA-VBSeq using the longest transcript and Picard 1 1 5 v1.92 HS-metrics (http://broadinstitute.github.io/picard/). HLA-VBSeq typed at up to a 4-field 1 1 6 resolution. 1 1 7
HLAscan 17 realigns reads to a reference consisting of the nucleotide sequences from 1 1 8 IMGT/HLA v3.21.0. It relies on a score function that ranks alleles based on the number of 1 1 9 unique reads mapping to each, including a gap penalty. Alleles are reported up to a 3-field 1 2 0 resolution, and calls are based on exon 2 and 3 for class I genes, and exon 2 for class II genes. 1 2 1
Default settings were used; score cut-off 50, constant using ScoreFunc 20, for the 21 available 1 2 2 genes. 1 2 3 6 Creation of a high confidence call set 1 2 4
Each software has its own inherent biases, such as IMGT/HLA reference version, reference 1 2 5 region considered, and the algorithm used. To reduce the impact of these, a high confidence 1 2 6
HLA allele set was generated by merging results based on an n-1 software concordance ( Figure  1  2  7 1). An individual was classed as "typed" if the allelic pairs for three out of four software 1 2 8 matched for class I, or two out of three for class II. Downstream population allele frequencies 1 2 9
were calculated from SweHLA. 1 3 0
Phasing of HLA haplotype blocks 1 3 1
SweHLA alleles were used as input to estimate haplotype blocks across the classical 8 genes 1 3 2 with PHASE v2.1.1 20 . The -MS model 21 was run over 10 000 iterations using a thinning 1 3 3 interval of 5 and a burn-in of 100. The model was run 10 times using different seeds for each. In 1 3 4 order to maintain phasing power but reduce computational time, the eight genes were divided 1 3 5 into three blocks based on known recombination hotspots (1: HLA-C and -B, 2: HLA-DRB1, -1 3 6 DQA1 and -DQB1, and 3: HLA-DPA1 and -DPB1) 22 . In this way the maximum number of 1 3 7 samples per block could also be considered. Haplotypes from the three intermediate blocks were 1 3 8 combined in the following sequence, HLA-A with block 1, followed by block 2 and 3. 1 3 9
Benchmarking the HLA typing accuracy and population frequency 1 4 0 Across software comparisons were performed to investigate the impact of software choice on 1 4 1 the ability to call HLA alleles. SweHLA was assigned as the truth set and a concordance rate 1 4 2 per allele calculated for each software. Concordance rate was defined by counting the number of 1 4 3 times an allele was correctly called, divided by the total number of SweHLA calls for the same 1 4 4 allele. 1 4 5
Within and across population comparisons were also conducted. We estimated allele calling 1 4 6 accuracy by comparing SweHLA allele frequencies to an independent lab typed Swedish 1 4 7 population 9,10 . The lab typed set consisted of 252 unrelated individuals at 2-field resolution for 1 4 8
HLA-A, -B, -DQA1, -DQB1 and -DRB1. Correlation (r 2 ) was calculated with cor() in the R v3.4 1 4 9 environment 23 . To place SweHLA results in the context of Europe, gene and haplotype 1 5 0 frequencies were compared to those of a recently published SNP2HLA imputed British 1 5 1 population (5 544 individuals) 11 . 1 5 2 Results 1 5 3
Characterisation of MHC region 1 5 4
The ability to call HLA alleles across the MHC is directly related to the quantity and quality of 1 5 5 the reads mapped and variants called. Given the variability of coverage across this four Mb 1 5 6 region (average 46.8 x; range 7.5-90.5 x; Figure 2A ), we examined the repeat and gene content 1 5 7 of the one kb bins sitting at the extremes of the distribution (coverage <20 x or >70 x). As 1 5 8 expected, these regions predominantly contained repeat elements (61% were L1 LINEs, Alu 1 5 9
SINEs and ERV1 LTRs), however we did note exons 1, 3 and 6 of HLA-DRB1 (NM_002124.3) 1 6 0 were covered with >70 x. These coverage extremes illustrate the inherent problems of mapping 1 6 1 short-read data uniquely to repeats or across genes and paralogues. 1 6 2
We used the metrics of Tajima's D and Pi, in combination with variation density, to examine 1 6 3 the patterns of selection and diversity across the MHC (Figure 2B-E) . The three main peaks in 1 6 4 each panel are centred over the class I (e.g. 29.9 Mb near HLA-A and 31.2 Mb near HLA-C) and 1 6 5 class II genes (e.g. 32.6 Mb near HLA-DQA1), likely reflecting the selection pressure on these 1 6 6 key immune gene classes (as Tajima's D >3, Figure 2B ). The strongest region of nucleotide 1 6 7 diversity spanned the class II genes, with the apex including the 3'UTR of HLA-DQA1 1 6 8 (NM_002122.3, Pi=0.048, 137 SNPs; Figure 2C ). In contrast to both class I regions, the 32.6 1 6 9
Mb section contains the highest density of SNPs in the 0.2-0.3 and 0.4-0.5 MAF bins (orange 1 7 0 and light blue respectively, Figure 2E ). We further dissected the 87,637 variable positions in 1 7 1 both the indel and SNP bins to characterise which fraction represented known (dbSNP v147) or 1 7 2 novel variation ( Supplementary Table S1 ). In each case, the majority of novel variation was 1 7 3 found in the lowest MAF bin (MAF<0.1; Supplementary Table S1, 69.0% of novel indels and 1 7 4 58.3% of novel SNP; Figure 2D and E, dark blue band). For indels the fraction of novel variants 1 7 5 8 per bin remained fairly steady (30-40%), however this value dropped markedly for SNPs (1.5-1 7 6 3.0%), and noticeably, only singletons not found in ExAC 24 were located in exons 2 or 3 of the 1 7 7 classical 8 genes (data not shown). 1 7 8 HLA alleles from four software and high confidence calls 1 7 9
Each of the software programs applied demonstrated a high per gene HLA typing rate, ranging 1 8 0 between 98.1-100% (Supplementary Table 2 ). Per software the most difficult gene to call was 1 8 1 HLA-DPA1 (938 samples called by HLAscan, Supplementary Table 2 ), while for SweHLA it 1 8 2 was HLA-DQA1 (824 samples typed, Table 1 ). The overall genotyping rate dropped slightly for 1 8 3
SweHLA (93.7%), however this was due to cross software mismatches and not a single 1 8 4
individual's inability to be typed. Of the small fraction of SweHLA alleles that were called as 1 8 5
NA (1 006/16 000 alleles), most (n=863) could be resolved if typing was relaxed to the 1 8 6 serological antigen 1-field level. 1 8 7 1 8 8 For the SweHLA class I gene set, 932 samples were called for all three genes, 60 samples for 1 9 4 two genes and only four samples had one gene typed (Figure 3) . A similar pattern emerged as 1 9 5
we built up to the classical 8 through the classical 6 set. The poorer SweHLA calling at the 1 9 6 HLA-DQA1 locus impacted this set, for which 690 samples had genotypes for all six genes. 1 9 7
However, a further 264 samples were typed at five genes, leaving only 45 samples with a 1 9 8 minimum of three genes called (Figure 3) . At the classical 8, 593 samples were typed at all 1 9 9 genes, while 920 samples have high confidence calls at seven or more genes. 2 0 0
An average of 22 alleles were called for each of the eight genes investigated for SweHLA 2 0 1 (range 4-36, Table 1 ). This was not related to the absolute number of alleles available per 2 0 2 software, but rather to Swedish population diversity. For example, while between 298 and 9 854 2 0 3 2-field alleles were available across the software tested (SNP2HLA and HLAscan respectively, 2 0 4 Supplementary Table 3 ), only 1.9% (class I) and 4.1% (class II) of the alleles were common 2 0 5 1 0 across all programs ( Supplementary Figure S1A-B) . However, an intersection of the alleles 2 0 6 called ( Supplementary Table 3 ), revealed that for class I, 32.5% of alleles were typed in all 2 0 7 software (37.7% in n-1 programs) and for class II this fraction was 55.7% (72,1% for n-1 2 0 8 programs, Supplementary Figure S1C-D) . 2 0 9
We recorded population level frequencies for each gene and software combination 2 1 0 (Supplementary Table S4 ) and noted that shared allele availability did not always translate to 2 1 1 shared allele frequency. For example in class I genes, small frequency fluctuations were 2 1 2 observed across data sets for HLA-A (A*26:01 ranged between 1.8-2.5%; 2.1% SweHLA, 2 1 3 Figure 4A ), while larger discrepancies were noted for HLA-B (B*27:05: 4.8-8.0%; 7.6% in 2 1 4
SweHLA, Supplementary Figure S2A ). In class II, the variations were even larger and occurred 2 1 5 more frequently. For HLA-DRB1, the most common allele HLA-DRB1*15:01 (16.1%, Figure  2 1 6 4C), spanned a software range of 6.1-17.7%. 2 1 7
In order to explore discrepancies more thoroughly, we plotted the concordance rate per allele 2 1 8 against the frequency per allele for each gene and software (Supplementary Figure S3 ). In 2 1 9 general, SweHLA alleles observed at a frequency greater than 5% showed concordance above 2 2 0 90%. There were a few notable exceptions; HLA-B*27:05 and -DRB1*15:01 as mentioned 2 2 1 previously, as well as HLA-C*05:01, two -DPB1 and -DQA1 alleles (Supplementary Figure  2 2 2 S3B-E and H). In each case, SweHLA allele frequency was 7.6% or above, with a concordance 2 2 3 rate below 80%. We noted previously that HLA-DQA1 had the lowest genotyping rate (824/1 2 2 4 000 samples, Table 1 ) and Supplementary Figure S4E illustrates that this problem is in large 2 2 5 part due to missing reference data; seven alleles with a population allele frequency ranging 2 2 6 0.06-6.00% were not present in the SNP2HLA reference (dark blue line). Combined, these 2 2 7 alleles represent 11% of HLA-DQA1 diversity in SweHLA.
8
Given that SNP2HLA is an imputation software, we investigated if the original alignment of 2 2 9 reads to the reference could have affected SNP availability for this process. This may indeed 2 3 0 have been the case. There are eight curated European HLA haplotypes available for alignment, 2 3 1 1 1 with hg19 incorporating the PGF haplotype 25 . This is important, as within exon 2 of HLA-2 3 2 DQA1 there is a stretch of ~100 nucleotides, common to COX and QBL, but lacking in the other 2 3 3 five haplotypes including PGF. Mapping to hg19 results in the soft clipping of reads in this 2 3 4 region and a dramatic drop in coverage (Supplementary Figure S4) . The latter can affect allele 2 3 5 calling in both homo-and heterozygotes, illustrated clearly when uncalled samples were aligned 2 3 6 to either PGF, or alternate haplotypes (Supplementary Figure S4) . 2 3 7
Allele and haplotype correlations across populations 2 3 8
The SweHLA population frequencies for HLA-A, -B, -C, -DQA1, -DQB1 and -DRB1 were 2 3 9 highly correlated with those of an independent lab typed Swedish population (r 2 spans between 2 4 0 0.87-0.99 for HLA-DQA1 to -A; black circles, Figure 4B , D and Supplementary figure S5A, C 2 4 1 and E). There was no evidence that the number of alleles typed influence the correlation. HLA-2 4 2 DQA1 has 15 alleles and -DQB1 16, yet r 2 is 0.87 and 0.93 respectively. High levels of genetic 2 4 3 homogeneity across HLA has been reported for Europe, with the diversity estimated to be as 2 4 4 low as ~5% 26, 27 . It was therefore not surprising that the frequency comparison between 2 4 5
SweHLA and >5,500 British samples gave only slightly lower correlations than those to a 2 4 6 Swedish population (r 2 spans 0.83-0.98 for HLA-DQA1 to -A; grey circles, Figure 4B , D and 2 4 7
Supplementary Figure S5 ).
4 8
Phased MHC blocks can be used in multiple downstream analyses, including the imputation of 2 4 9 missing allele calls, creating population reference graphs, the investigation of allele group 2 5 0 interactions and to dissect disease causing mechanisms 25, 28, 29 . In our phasing of the classical 8 2 5 1 gene haplotypes, only samples with complete allele typing per intermediate block were 2 5 2
